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Preliminaries — Federated Learning

Cl O Privacy Protection
L_.___l O Distributed Framework

m |:| O Data Shift of Isolated Sources
|:l O Local Limited Calculations

|:l 0 Communication Bottleneck



Preliminaries — Problem Setup

min f(w) = X; pifi(w),
min f(w) = X; p;f;(w;), s.t.w; =w.
Where f;(w;) = Egy,~p3f (W;; x;) is the ERM loss.
Two main difficulties:

1. Equality constraints : x; obeys different distribution D;.
2. Resource constraints: limited capacity for computation and
communication.



Preliminaries — FedAvg

Algorithm 1: FedAvg Algorithm

Input: global model w, local model w;, communication round 7', local interval K.
Output: The global model w” .

1 Initialize states: initialize w = w".
2 fort=0,1,....,7 —1do

3 randomly select the active clients set [r] [rom [m)]
4 for i € [n] in parallel do

5 send the w' to the active clients as wy
6

7

8

for k=0,1..... K — 1 do

L compute the stochastic gradient g,f?k at w,f?k
.'

B S
Wi k1 = Wi — N9k
send the w? = w! ;- to the global server
bl — 1 g
10 | W =0 i W
T

is]

11 return w

In]: selected active clients. Im]: total clients.



Section 02 FedSAM Method



FedSAM Method [1] ---- Preliminaries

min,, f(w) = 113=0 pifs(w;),

where fs(w;) = maxs, f;(w; + ;) is the local SAM objective [2]

Each local client could achieve a flat optimum with higher

generalization performance

[1] Generalized Federated Learning via Sharpness Aware Minimization
[2] Sharpness-Aware Minimization for Efficiently Improving Generalization



FedSAM Method ---- Challenges

flat surface of f; ll :
flat surface of f, 1]
—— flat surface of f || "
surface of f; Y]
surface of f;
- = surface of f

I
I
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I
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1. Each local optimum 1s smooth 1. Each local optimum 1s smooth
2. Averaged optimum is smooth 2. Averaged optimum 1s STILL SHARP



Section 03 FedSMOO with

Consistent SAM




FedSMOO Method ---- Preliminaries

minvg;:‘s/v flw) = Z?:o pifs(w;),

where fs(w;) = max, s fi(w; + s;) is the global SAM objective

with consistent local optimum w; and perturbation s;

Each local client could achieve a CONSISTENT flat optimum

with higher generalization performance



FedSMOO Method ---- ADMM Solution

Lagrangian
- N D
Lw,w;) = 3 {pifs(w) +| (A, w; —w) |+ (1,5, —S)

Tt — w2l e, — <12
+\ 28 lw; W”/_I_\Za”Sl s|| }/
consistent consistent
local models local perturbation

Double Iterations:
: solve the approximation for the maximization in SAM.

: solve the minimization



FedSMOO Method ---- ADMM Solution
Re- approx1mate Local SAM

i 1 /4 !/
M :.ui‘l'Z(Si_S)

S*=argmaXg<y —— S 77l l 0 ”S tay; — S 1”2

_____________________________________________________________________________________________ o

ADMM for- Solvmg FL Objective [3] .

___________

Ai =/1i—£(Wi—W)
11

— 2
e ||

w = argmin,, o (Aiwp —w) + ||lw —w;

[3] Federated Learning Based on Dynamic Regularization



FedSMOO Method ---- Theoretical Analysis

( ) Let f be the L-smooth non-convex function, m be the number of total clients, n be the number of partial
Vn :
< — < g
active clients, r \/_ where K is a constant, f< N the averaged model w = Y[, w; satisfies:

SYTZLENY FWOI? < =Ky + 2 3BLK, + 2 7267126°|,

= 7
: , 1

where c is a constant in (0,0.5), kp = f(w') — f*, 6° = — Yt Ellw; — wl||? is the consistency on the first round.

(Generalization) Let f be a non-convex function with d parameters per layer of total L; layer, the input sample € be

normalized by the norm of L,, with the size of D, using a positive value p and error e, with the probability of at least 1-p,
the empirical generalization risk on global parameters w is:

_ 1212d ln(dLl)VL+ln(£)
Gf = Gef + 0(\/ (D—1)e?2 . );

2
Iwillz
lwgl[?

where Gvef is the empirical estimate of the above expected margin loss and V, = IE_, ||lw,||?ZE,



Section O 4 Experiments



FedSMOO - Experiments

Table 1. Test accuracy companison among baselines and our proposed method on the CIFAR-10/100 dataset after 800 rounds. The dataset
splitting method is selected from the Dirichlet sampling with replacement and Pathological partition (only a few random categories
are enabled for sampling on a local client). The experimental setups are 10%-100 clients (upper part) and 5%-200 clients (lower part)

respectively. "u” represents the Dirichlet coefficient which is selected from [0.1, 0.6], and " ¢” represents the number of active categories
on each client which is selected from [3, 6] on CIFAR-10 and [10, 20] on CIFAR-100. Each result is calculated by 2 times.

CIFAR-10 CIFAR-100
ALGORITHM DIRICHLET PATHOLOGICAL DIRICHLET PATHOLOGICAL
u — 0.6 u—0.1 ce=6 e=23 u— 0.6 u—0.1 e=20 =10

FEDAVG 7952413 76.004 4,5 7991447 74084 90 46354415 4264420 44.154,7 40.23; 4
FEDADAM 77.08 4 51 73.414 33 77.054 26 72444 59 4835447 40.774 4 4126430 32.584 22
SCAFFOLD 8181447 7857404 8307440 7702445 S198425 44414, 460642 41.084 24
FEDCM 82974 u 77.824.16 83.444 44 77.824 10 5156420 43.0342 4494, 44 38.354 97
FEDDYN 83.224 .18 78.08+.19 83.184+.7 77.634+ .14 50824100 4250428 4419449 38.684 14
FEDSAM 80104 42 7686416  80.804 23 7551424 4751426 4343412 4546420 40444 23
MOFEDSAM 84,134 14 78.71 4 .45 84.92; 14 79.57 4+ a5 54.38, 2 44 .85 25 47.424 94 41.17 4 22
OuRr 84.55 $.14 80.82*.” 85.39{_2] 8|o58§.lﬁ 53.92 s “.481 . K 48.871_17 44.'0,_”;
FEDAVG 7590 $.21 72-93+.l9 77.47#’.:{4 7'.86+_;;4 44.70+_22 4041 4.33 38.221.2:, 36.79{_32
FEDADAM 7555438 69.70432 7524422 704942 443349 38.04:95 35.144 46 30.284 o8
SCAFFOLD 79.004 26 76.15+ .15 80.69+ 21 74.05+ 31 5070415 4183320 39.634+.31 37.98+ .36
FEDCM 80.52+ 29 77.284 22 81.76+ 24 76.72+ 25 50934 31 4233419 4201447 38.354+ 24
FEDDYN 80.694 25  76.824 45 82215348 7493550 47324, 41.744 o 4155518 38.094 o7
FEDSAM 76324 16  73.444 14 78.164 o5 724159 4598497y 40224 5; 3871323 36904 99
MOFEDSAM 82.584 78.43 4 24 84.464 4 7993+ 19 53.514 o5 42.224 23 42.77 5 9% 39.814 9
OuUR 82.94 19 79.764+.10 84.82; 1s 81.01;:1:6 5345410 4583315 44.704 2 43.41; 22




FedSMOO - Experiments

(a) FedAvg v.s FedSMOO (b) SCAFFOLD v.s FedSMOO (¢) MoFedSAM v.s FedSMOO

Table 2. Consistency and Hessian matrix.

method FedSAM FedSMOO
Dirichlet 0.6 0.1 0.6 0.1

LN Jwh — wt)? 0.866 1.245 0.821 1.061
Hessian Top Eigenvalue | 142.65 177.18 9146 107.44
Hessian Trace 3104.1 3842.3 1783.3 2689.4




FedSMOO - Discussions

Main difficulties in the FL:

(1) Local consistency (Equality constraint w = w;).
(2) Local over-fitting on the small dataset (Higher generalization).

(3) Efficient local optimizer design (Generalization-efficiency).
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